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Gene expression levels carry information about signals that have functional significance for the
organism. Using the gap gene network in the fruit fly embryo as an example, we show how this
information can be decoded, building a dictionary that translates expression levels into a map of
implied positions. The optimal decoder makes use of graded variations in absolute expression level,
resulting in positional estimates that are precise to ∼ 1% of the embryo’s length. We test this
optimal decoder by analyzing gap gene expression in embryos lacking some of the primary maternal
inputs to the network. The resulting maps are distorted, and these distortions predict, with no free
parameters, the positions of expression stripes for the pair-rule genes in the mutant embryos.
I. INTRODUCTION
Biological networks transform multiple input signals
into outputs that have functional significance for the or-
ganism. One path to understanding these transforma-
tions is to “read out,” or decode this relevant information
directly from the network activity. In neural networks,
for example, features of the organism’s sensory inputs
and motor outputs have been decoded from observed ac-
tion potential sequences, sometimes with very high ac-
curacy [1–3]. Decoding provides an explicit test for hy-
potheses about how biologically meaningful information
is represented in the network and which computations
are needed to recover it. Here we address these questions
in a small genetic network, taking advantage of experi-
mental methods that allow us to measure, quantitatively,
the simultaneous expression levels of multiple genes.
The gap genes involved in patterning the early fruit fly
embryo provide a particularly accessible example of the
decoding problem [4–8]. As schematized in Fig 1a, the
gap genes form an interconnected layer in an otherwise
feed-forward network that takes inputs from the primary
maternal morphogens to drive the expression of the pair-
rule genes. Pair-rule expression occurs in stripes that are
precisely and reproducibly positioned within the embryo,
forming an outline for the segmented body plan of the
fully developed organism. In this system, states of the
network are the expression levels of the gap genes, and
the functional information being encoded is the position
of cells along the anterior–posterior axis (Fig 1b).
We will use the gap gene network to distinguish be-
tween two very different views of network function. In
one view, the control of gene expression is noisy, network
interactions are essential to achieve robustness against
uncontrolled variations in the input signals, and many
layers are needed to funnel the states of cells toward
reliable choices among discrete fates (canalization). In
this view, information available to individual cells from
gap gene expression levels should be very limited, and
the accuracy associated with a reproducible body plan
should emerge only in subsequent layers of processing.
In another view, noise levels are as low as possible given
the limited number of molecules involved [9], the repro-
ducibility of developmental patterning can be traced back
to reproducible maternal inputs [10], and network inter-
actions are selected to extract the maximum amount of
information from these inputs [11–16]. In support of this
latter, precisionist view, we have shown that the expres-
sion levels of the four gap genes, taken together at one
moment in time, provide enough information to specify
the location of each cell along the anterior–posterior axis
of the embryo with ∼ 1% precision [17, 18], comparable
to the precision with which pair-rule stripes and other
morphological markers are specified.
Showing that precise information is available is not
enough: to say that the system operates in a precisionist
mode we must show that this information is used by the
embryo to guide subsequent developmental events. To do
this, we will decode the information carried by gap gene
expression levels, and manipulate these signals through
mutations in the maternal inputs to the network. If the
organism really uses the information that we have found
encoded in the gap gene network, then our decoding of
this information should make quantitative predictions for
the functional consequences of mutations at the input.
In the fly embryo, information encoded in the levels
of gap gene expression is decoded by the complex regula-
tory logic of the pair rule gene enhancers [19, 20], and one
might think that decoding requires us to make a model of
these molecular events. But if the embryo makes optimal
use of the available information [9, 17, 21], then the algo-
rithm for decoding positional information is determined,
mathematically, by the pattern of gene expression as a
function of position and by the distribution of fluctua-
tions around this mean. Exploiting our ability to make
precise, quantitative measurements on the expression of
all four gap genes simultaneously [22], we can character-
ize these fluctuations and construct the optimal decoder
with no free parameters; this is not a model of the de-
coder, but rather a theoretical prediction of what the
decoder should be if the embryo performs optimally. Ap-
plied to gap gene expression levels in wild-type embryos,
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2FIG. 1: Decoding in a genetic patterning network. a. In the early Drosophila embryo, maternally provided morphogens
(bcd, nos, tor) regulate the expression of gap genes (kni, kr, gt, hb), shown here in a mid–sagittal slice through an embryo
during nuclear cycle 14. Enhancers (schematically depicted as circles) respond to combinations of gap gene concentrations
to drive pair-rule gene expression, which occurs in a striped pattern. Each stripe appears with a precise and reproducible
position. b. Schematic depiction of the anterior-posterior patterning network in the early embryo. The network can be
viewed as an input/output device that encodes physical location x in the embryo using concentrations of gap gene proteins,
g1, g2, g3, g4. Optimal decoding is a well-posed mathematical problem, solved by selecting the best estimate of position (x
∗)
from the “decoding dictionary,” P (x∗|{gi}).
this optimal decoder generates unambiguous estimates
of position, which fluctuate only slightly from the true
position. In mutant embryos deficient for various pri-
mary maternal inputs, gap gene expression changes at
each point in the embryo, and the decoder generates dis-
torted “maps” of implied vs true position; these maps
in turn can be used to predict the locations of pair-rule
stripes. We find that these predictions are in detailed,
quantitative agreement with experiment, again with no
adjustable parameters. These results strongly support
the idea that biologically relevant information is carried
by precisely controlled gene expression levels, so that the
function of this genetic network is fundamentally quanti-
tative, down to ∼ 1% accuracy in the encoded variable.
II. DICTIONARIES AND MAPS
The expression levels of the gap genes vary with po-
sition, but even at a single position there are varia-
tions around the mean expression level. Thus, at each
point x along the anterior–posterior axis of the em-
bryo, there is a probability distribution, P ({gi}|x), where
{gi} = g1, g2, · · · are the expression levels of the genes,
in our case the gap genes hunchback, kru¨ppel, knirps, and
giant. The problem facing a cell, however, is not to pre-
dict the expression level given knowledge of its position.
On the contrary, the cell must respond to the expression
level by taking actions appropriate to its position. Math-
ematically, the possible positions of the cell are drawn out
of the conditional distribution
P (x∗|{gi}) = P ({gi}|x
∗)PX(x∗)
PG({gi}) , (1)
which we construct using Bayes’ rule; we use x∗ to remind
us that this is the position implied by the expression lev-
els, rather than the actual position of the cell. PX(x
∗) is
the probability that a cell will be at position x∗, indepen-
dent of gene expression level, and in the simplest case the
cells are uniformly distributed along the axis 0 < x ≤ L,
so that PX(x
∗) = 1/L. PG({gi}) is the probability that
we will find a cell with expression levels {gi}, independent
of its position, PG({gi}) =
∫
dxP ({gi}|x)PX(x).
The probability distribution P (x∗|{gi}) contains every-
thing that a cell could “know” about its position based
on the expression levels {gi}. If the cell responds to the
expression levels in a way that matches the structure of
this distribution, then that response is part of an optimal
decoding. To be more precise, if the probability distri-
bution P (x∗|{gi}) has a single, reasonably sharp peak at
x∗ = X∗({gi}), then we can translate expression levels
back into positions, unambiguously, using a dictionary
3FIG. 2: Refinement of decoding precision with increasing number of gap genes in WT embryos. Top row: dorsal
fluorescence intensity profile(s) from 38 embryos 38–48 min into nuclear cycle 14 (mean ± SD); units scaled so that 0 (1)
corresponds to minimum (maximum) mean expression. Bottom row: average decoding maps representing the probability
density P (x∗|x); each decoding map is constructed by averaging the individual probability density distributions of the 38
embryos (see also Fig. S3). a. Decoding using single gene (Kr, blue) can be imprecise and ambiguous (0.1<x/L< 0.43 and
0.63<x/L<0.9), precise but ambiguous (0.43<x/L<0.5 and 0.55<x/L<0.63), and imprecise but unambiguous (0.5<x/L<
0.55), see also Fig. S4. b. Decoding using a combination of two genes, Kr (blue) and Hb (red), see also Fig. S5. c. Decoding
using three genes, Kr (blue), Hb (red), and Gt (orange), see also Fig. S6. d. Decoding using all four gap genes, which is precise
and almost perfectly unambiguous along the whole length of the embryo.
{gi} → X∗, and the width of the distribution P (x∗|{gi})
tells us how much error or uncertainty there will be in
this estimate of position. We could formalize this by ask-
ing for the value of x∗ that maximizes P (x∗|{gi}), which
is called the maximum a posteriori estimator, or for the
value of x∗ such that we make smallest mean-square error
relative to the true position, and these are essentially the
same if there is a single sharp peak in the distribution.
But it also is possible that P (x∗|{gi}) has multiple peaks,
in which case there are genuine ambiguities in decoding,
and hence the gene expression levels we are analyzing in
fact are not sufficient to determine the position and hence
the fate of the cell. Since we don’t know in advance that
decoding will be successful, it is useful to keep track of the
entire distribution. Indeed, since the information that we
are discussing is information about position, it is useful
to express the results of decoding as a map.
Consider a particular embryo α, in which we find ex-
pression levels {gαi (x)} in the cell at actual position x.
Instead of thinking of the distribution of possible posi-
tions in Eq (1) as depending on all of the gene expression
levels, we can think of it as depending on the actual po-
sition of the cell, forming a map of possible or inferred
positions vs actual positions,
Pαmap(x
∗|x) = P (x|{gi})
∣∣∣∣
{gi}={gαi (x)}
. (2)
If the genes we are considering provide enough informa-
tion to specify position accurately and unambiguously,
then Pαmap(x
∗|x) will be a narrow ridge of density sur-
rounding the line such that the implied position is equal
to the true position, x∗ = x.
To implement these ideas, we begin by measuring ex-
pression of all four gap genes, simultaneously, as de-
scribed in detail in Appendix A. We sort the emrbyos by
time, and focus on a window 38−48 min into nuclear cycle
fourteen, during which gap gene expression provides the
most information about position [17, 18, 22]. We approx-
imate the distribution P ({gi}|x) as being Gaussian [17],
which means that we are estimating the mean expression
level at each position, across the ensemble of embryos,
and the covariance matrix (Fig S2) that describes fluc-
tuations around this mean. Given these features of the
data, the construction of the decoding map proceeds with
no adjustable parameters; for details see Appendix B and
Figs S3 through S6.
In Figure 2 we show the decoding maps based on the in-
formation carried by one, two, three, or all four gap genes.
For most locations in the embryo, decoding based on a
single gene provides little information, as for Kr in Fig 2a
and S3; other examples are in Fig S4. In small regions
of the embryo, decoding can be more precise, but sub-
stantial ambiguities remain, where one expression level
is equally consistent with two different implied positions.
Decoding based on two (Figs 2b and S5) or three (Figs
2c and S6) genes results in less ambiguity and more pre-
cision; we can follow this sharpening of the distribution
by the increasing height of its peak, since narrower dis-
tributions have higher peaks to maintain normalization,
or by estimating the median width of the distribution
Pαmap(x
∗|x) (Fig S7d). Finally, with all four genes, the
distribution Pαmap(x
∗|x) is approximately Gaussian, with
a width σx ≈ 0.01L, for nearly all points x.
It has been conventional to think about a single mor-
4phogen gradient coding for position [23], or about “ex-
pression domains” of single gap genes pointing to large re-
gions of the embryo. Figure 2 shows how multiple expres-
sion levels combine, quantitatively, to synthesize an un-
ambiguous code for position that reaches extraordinary
precision. This one percent precision in the encoding of
position is also the precision with which subsequent de-
velopmental markers, including the pair-rule gene stripes
and the cephalic furrow, are generated [17, 18].
III. TESTING THE DICTIONARY
The fact that the four gap genes carry precise, unam-
biguous information about position does not mean that
the embryo uses this information. To test whether this is
the case, we perturbed the maternal signals Bicoid (bcd),
Nanos (nos), and Torso-like (tsl), which strongly affect
the output of the gap gene network (Fig S1). If our opti-
mal decoding strategy is used by the embryo, our decoder
should generate meaningful position estimates in the mu-
tants. In particular, we will use the stripes of pair-rule
gene expression as a measure of the embryo’s readout of
positional information, and compare this with our own.
We have analyzed embryos from lines in which we
delete bcd, tsl, and osk (which controls the localization
of the nos signal), singly and in pairs. For each of these
six possibilities, we have measured expression levels for
all four gap genes simultaneously, in samples that also
include wild-type embryos; results are summarized in
Fig S1. In every case, we construct the dictionary for
decoding gap gene expression levels from the wild-type
embryos, and then apply this dictionary to the mutants
measured in the same batch, avoiding any concerns about
systematic variations in staining, imaging, etc. across
batches. The results of these analyses are a series of de-
coding maps, shown in Fig 3, which should be compared
to the map for wild-type embryos in Fig 2d.
Many features of the decoding maps in Fig 3 are ex-
pected from previous, qualitative characterizations of
these mutants. Thus, when we delete tsl the distortions
are largely at the two ends of the embryo (Fig 3a), since
expression of tsl is confined to the poles; when we delete
bcd there are major distortions in the anterior portion of
the map (Fig 3b), where the concentration of Bcd protein
is highest; and when we delete osk (Fig 3c), we see major
distortions in the posterior, consistent with nos being a
posterior determinant. More striking are the quantitative
predictions that we obtain by decoding.
When we delete bcd, quantitative distortions of the
map extend into the posterior half of the embryo, so that,
for example, the expression levels found at x/L = 0.7
generate a distribution Pαmap(x
∗|x) in which the most
likely value is x∗/L = 0.75, and at x/L = 0.55 the most
likely estimate is x∗/L = 0.67. Thus, even in the pos-
terior half of the embryo, the map is shifted, and the
plot of x∗ vs x (following the ridge of high probability in
the map) does not have unit slope. But in the wild-type
embryo, the positions x/L = 0.75 and x/L = 0.67 are
associated with peaks in the stripes of expression for the
pair-rule gene eve, as shown at left in Fig 3. If the ma-
chinery for interpreting gap gene expression is using the
same dictionary that we have constructed here, then we
predict that the bcd deletion mutants should shift these
eve stripes to x/L = 0.7 and x/L = 0.55, and this is
what we see (Fig 3b). Even more dramatically, expres-
sion levels at x/L = 0.23 in the bcd mutant are decoded as
x∗/L = 0.75 with high probability, and correspondingly
there is an eve expression stripe at this anomalously ante-
rior location. This is predicted to be not a displacement
of the first (nearest) eve stripe, but rather a duplication of
the seventh stripe, which is consistent with classical ob-
servations on cuticle morphology in these mutants [24],
and with recent RNAi/reporter experiments [25].
The quantitative agreement between the decoding
maps and the locations of the eve stripes extends to all six
examples of single and double maternal mutants shown
in Fig 3. Notably, there is good agreement both when the
shifts are small, as with the deletion of tsl (Fig 3a), and
when the shifts are much larger, resulting in the deletion
of several stripes, as with the bcd osk and osk tsl dou-
ble mutants (Figs 3d and e). In cases where the implied
position of a stripe crosses a diffuse band of probability
density in the map, as with eve stripe iii in the osk tsl
mutant (Fig 3e), we might expect that there would be
expression of eve but not a sharp stripe, and this is what
we see; similar effects occur in the anterior of the bcd tsl
mutant (Fig 3f).
For simplicity Fig 3 shows decoding maps that are av-
eraged over all embryos for each mutant line. If we focus
on decoding maps for individual embryos instead, their
variability predicts the embryo-to-embryo variability in
pair-rule gene expression. In particular, for bcd tsl mu-
tants the positions that map to the wild-type locations of
eve stripes four and five (x∗/L = 0.56 and x∗/L = 0.62)
vary substantially in the window 0.4 < x/L < 0.6. If
we look at the eve expression patterns in individual em-
bryos (thin lines at bottom of Fig 3f; for detailed analysis
see Fig S10), we see two peaks with variable positions,
as predicted. For the bcd mutant, the average decoding
map again has density at x∗/L = 0.56 and x∗/L = 0.62
(Fig 3b and Fig S11), but when we decode the gap gene
expression patterns from individual mutant embryos we
find that these features vary not only in their position
but even in their presence or absence, so that individual
embryos are predicted to have a variable number of eve
stripes, and this is what we see.
We have repeated the analysis of Fig 3, comparing our
decoding maps with the expression profiles of the pair-
rule genes paired (prd) and runt (run), as summarized in
Figs S12 and S13. In most cases we see relatively few
stripes, which agrees with the theory since there are few
intersections between expected stripe positions and the
ridge of maximal probability. In the case of the tsl mu-
tant, however, the three different pair-rule stripes provide
a rather dense collection of markers through the range
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FIG. 3: Using decoding maps to predict stripe locations in mutant embryos. Average decoding maps for six maternal
mutant backgrounds: a. etsl; b. bcdE1; c. osk; d. bcdE1osk; e. osk tsl; f. bcdE1tsl. The average locations of wild-type Eve
stripes (horizontal dotted lines) are used to predict Eve stripes in the mutant backgrounds: we expect to observe stripes at
locations along the mutant embryo axis, where the horizontal dotted lines intersect the peak of the probability density (open
black circles and vertical dotted lines). Measured Eve expression profiles in wild-type embryos (left side of a and d), and in
mutant embryos (below the corresponding decoding map); individual profiles (gray), mean profile (black), and peak locations
(black dots). Horizontal starred bars (panels b and f) indicate locations where the expressed number of Eve stripes is variable
(see Fig. S10 and Fig. S11 for examples). When the horizontal lines intersect a broad probability distribution, we expect to
observe diffuse Eve stripes as in e (see Fig. S10 for example). The red star in c shows an observed Eve stripe which is not
predicted by the decoding map. Panel a shows additional predictions for Run (cyan) and Prd (magenta) stripes, which also
agree with measured peak positions (see also Figs S12 and S13).
0.3 < x/L < 0.85, as shown in detail in Fig 3a. These
markers trace the predicted ridge of maximal probability
with very high accuracy.
The results for all the eve, run, and prd stripes in all six
mutants are summarized in Fig 4. For almost all the 57
stripe positions shown, the predicted position agrees with
the measured position within the error bar defined by the
standard deviation of these positions across embryos in
our sample. More subtly, when we decode the positional
signals from multiple embryos, we find variations in the
resulting maps, as noted above, and the standard devia-
tion of predicted stripe positions are in most cases close
to the observed variations (vertical and horizontal error
bars, respectively).
We do note a small number of errors in our predic-
tions. In the osk mutants we observe a posterior Eve
6FIG. 4: Implied vs observed locations of pair-rule
stripes in mutant embryos. Color scale (right) indicates
the displacement of the observed peak in the mutant from
its wild-type location (units, x/L). Horizontal axis: pair-rule
stripe positions in mutant embryos, mean ± s.d. across em-
bryos of a given genotype. Vertical axis: predictions from
decoding the gap gene expression levels in mutant embryos,
mean ± s.d. across embryos of a given genotype. We predict
and observe a total of 57 stripes. Additionally, we predict
and observe 9 diffuse stripes, which cannot be quantified by
a single peak location (Appendix E). We observe, but do not
predict 3 stripes; and predict, but do not observe 2 stripes.
stripe where none is predicted (Fig 3c), and in bcd osk
mutants, a variable number of Prd stripes (Fig S12d).
We predict a Run stripe at x/L ∼ 0.6 where none is
observed (Fig S13c); we have no prediction for the very
blurred band of Run expression at x/L > 0.7 (Fig S13c).
In addition, in the bcd, tsl mutant we predict a Run stripe
at x/L ∼ 0.45 where none is observed (Fig S13f). This
last failure occurs at a rare point where the combinations
of gap gene expression are outside the range that we have
sampled in the wild-type embryos (Fig S8), and thus we
may be simply extrapolating the probability distributions
too far. The errors in the osk mutants cluster around a
point where the predicted maps have a discontinuity, and
thus are especially sensitive to our assumption that de-
coding is done in a purely local fashion. A small amount
of spatial averaging, perhaps to reduce noise introduced
in the expression of the pair-rule genes, would result in
very different predictions.
IV. DISCUSSION
The expression levels of genes carry information about
signals that matter in the life of the organism. We have
tried to answer several questions: How much information
is available [17]? What features of the expression pattern
are crucial in conveying this information? How can the
organism “read out” what is relevant?
In the developing embryo, one biologically relevant sig-
nal is position. In trying to understand how positional
information is represented, we have focused on gene ex-
pression levels at a single moment in time, and on the
levels observable by a single cell. It is possible that the
cells could extract more reliable information by averag-
ing expression levels over time, although since protein
concentrations accumulate the snapshot that we consider
already reflects some degree of temporal averaging, and
further averaging may be of limited impact. Similarly,
individual cells might be able to extract more informa-
tion by communicating with their neighbors [9, 15, 26],
but we know that fluctuations in gap gene expression
are correlated over substantial distances [27], limiting the
benefits of such spatial averaging. Importantly, once we
focus on the information available locally in space and
time, our experimental tools make it possible to give an
essentially complete characterization of the available in-
formation and the nature of its encoding, as summarized
by the probability distributions P ({gi}|x).
Positional information encoded by the gap gene ex-
pression levels is effectively decoded by a broad array of
molecular mechanisms, in particular the complex rules
for activation of the multiple enhancers that control the
expression of pair-rule genes [19, 20]. One might think
that connecting the patterns of gap expression to the po-
sitioning of pair-rule stripes would require us to make a
model of these mechanisms. We have taken an alterna-
tive view, in which we assume that the embryo makes
optimal use of the available information. Once we make
this hypothesis, decoding becomes a well defined mathe-
matical problem, with no free parameters. The result is
a dictionary that translates the expression levels of gap
genes into inferred positions, and applying this dictionary
to the expression profiles from a single embryo generates
a map of inferred position vs actual position. For wild-
type embryos, once we include all four gap genes this
map is precise and nearly unambiguous, indicating posi-
tions along the anterior–posterior axis with an accuracy
of ∼ 1%, sufficient to distinguish each cell from its neigh-
bors [17]. For mutant embryos, we find maps that are
distorted, imprecise, and in some cases ambiguous. Using
these maps to predict the position of pair-rule expression
stripes gives results that are in excellent agreement with
experiment, both qualitatively and quantitatively. The
strongly supports the hypothesis of optimality on which
our decoding scheme is based.
We draw attention to several aspects of the connection
between theory and experiment. First, we decode posi-
tions based on graded expression levels of the gap genes
[28]. If we think of the gap genes as forming expression
domains that are on or off, then maps are ambiguous even
in wild-type embryos (Fig S7), and we certainly could
not make meaningful predictions for stripe positions in
the mutants. Second, we analyze gene expression in ab-
7solute units; the only normalization is global, which is
equivalent to choosing units in which to measure concen-
tration. Contrary to this approach, it often is thought
that biological functions must be robust against presum-
ably uncontrollable variations in absolute concentration.
In fact we find that significant components of the dif-
ference, for example, between the wild-type embryo and
the tsl mutant are 10 − 20% differences in the absolute
concentrations of gap gene products (Fig S15), and these
differences propagate through our decoding to generate
distorted maps that correctly predict the shifts in pair-
rule stripes: quantitative variations in absolute expres-
sion have precise functional consequences.
Third, we find that maps in the mutants are sufficiently
variable that they predict variability in the number of
pair-rule gene stripes, not just their locations; such stripe
number variations essentially never occur in wild-type
embryos. One might have thought that reproducibility
of stripe numbers emerges only as a property of the net-
work of interactions among the different pair-rule genes,
and even among neighboring cells. Instead, we see that
stripe numbers can be reproducible in wild-type embryos
because the positional signal carried by gap gene ex-
pression levels is extremely precise, with so little noise
that a direct local readout of these signals generates near
zero probability of dropping or adding a stripe. Deleting
one or two of the maternal inputs to the gap gene net-
work pushes the system into a regime where noise levels
are higher, and applying our dictionary to these noisier
expression profiles correctly predicts the occurrence of
stripe variability. This is consistent with the idea that
the naturally occurring inputs are matched to the signal
and noise characteristics of the network [11, 17].
In many ways our maps of implied position as a func-
tion of actual position provide a quantitative, probabilis-
tic version of the older idea that one can plot cell fate vs
position—a fate map—even in mutants; see, for exam-
ple, Ref [29]. In its original form, this notion of a map
depends on the fact that what we see in the mutant are
rearrangements, deletions, and duplications, but no new
pattern elements. It usually is assumed that this arises
from canalization [30, 31]: although the early stages of
pattern formation must generate new and different sig-
nals in response to the mutation, subsequent stages of
processing force these signals back into a limited set of
possibilities set. What we see here is that even rather
early signals, those which are responding immediately to
the primary maternal inputs, can be decoded to recapit-
ulate the patterns seen in the wild-type. There is no need
for subsequent steps to drive the pattern back to some-
thing built from wild-type elements, since it already is in
this form.
The theoretical framework we have developed here
makes additional, testable predictions. Simultaneous
measurements of pair-rule expression with all of the gap
genes would allow us to test directly whether, for exam-
ple, the predicted variations in stripe number are correct,
embryo by embryo, rather than just in aggregate. More
subtly, since there are spatial correlations in the fluc-
tuations of gap gene expression levels [27], our decoding
predicts that there should be correlations in the small po-
sitional errors that occur even in wild-type embryos, and
hence the fluctuations in position of the pair-rule stripes
must also be correlated. These correlations should be
different in the mutants, in ways that can be predicted
quantitatively. Most fundamentally, the molecular mech-
anisms that lead from gap gene product concentrations to
pair-rule expression must, effectively, implement the dic-
tionary that we have developed. Thus, we should be able
to predict the functional logic of these developmental en-
hancers by asking that they provide an optimal decoding
of positional information, rather than fitting to data.
Perhaps the most important qualitative conclusion
from our results is that precision matters. We are struck
by the ability of embryo to generate a body plan that is
reproducible on the scale of single cells, corresponding to
positional variations ∼ 1% of the length of the egg. As
with other examples of extreme precision in biological
function, from molecule counting in bacterial chemotaxis
to photon counting in human vision, we suspect that
this developmental precision is a fundamental observa-
tion, and to the extent that precision approaches basic
physical limits it can even provide the starting point for a
theory of how the system works [32]. But precision in the
final result of development could arise from many paths.
We have a theoretical framework that suggests how such
precision could arise from the very earliest stages in the
control of gene expression, if this control itself is very
precise, and this has motivated experiments to measure
gene expression levels with correspondingly high exper-
imental precision. What we have done here is to bring
theory and experiment together, providing a parameter-
free prediction of how quantitative variations in gap gene
expression levels should influence the developmental pro-
cess on the hypothesis that the embryo makes optimal use
of the available information, in effect maximizing preci-
sion at every step. Genetics then gives us a powerful tool
to test these predictions, manipulating maternal inputs
and observing pair-rule outputs. These rich data are in
detailed agreement with theory, providing strong support
for the precisionist view.
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Appendix A: Experimental methods
Fly strains
Embryos lacking single maternal patterning systems
were obtained from females homozygous for bcdE1, osk166
or tsl4. For embryos with positional information only
from the Osk patterning system, we used females ho-
mozygous for bcdE1 tsl4. For embryos with only infor-
mation from Bcd, we used y w p[w+ Bcd-GFP]; bcdE2
osk166 tsl4 females. p[w+ Bcd-GFP] encodes a fully res-
cuing GFP tagged Bcd protein [9]. To obtain embryos
with input only from the Torso patterning system, we
used bcdE2 osk166 females for gap gene measurements
and bcdE1 nosBN females for pair-rule embryos. The
segmentation phenotypes of osk166and nosBN are equiv-
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FIG. S1: Gap gene expression in mutant embryos. Dorsal gap gene expression profiles (mean ± SD across embryos aged
38−48 min into nuclear cycle 14; N indicates number of embryos) in mutant backgrounds. The expression levels g are measured
in units of maximal wild-type expression levels, which are measured from on-slide wild-type embryos collected in the same time
window (number of embryos is shown in parenthesis). a-b. Terminal system (via tsl), c-d. Anterior system (via bcd), e-f.
Posterior system (via nos), is absent or the only input of positional information. For completeness we also show the gap gene
expression profiles in (g.) wild-type, and (h.) triply mutant embryos.
alent [33]. Embryos lacking all maternal patterning sys-
tems were obtained from triply mutant bcdE1 nosBN tsl4
females. All stocks were balanced with TM3, Sb.
Measuring gap gene expression
Gap protein levels were measured as described by
Dubuis et al. [22]. To quantify mutant gap protein levels
in units of wild-type protein levels, mutants and wild-
type embryos were stained together, and imaged along-
side on the same microscope slide in a single acquisition
cycle. We draw attention to the discussion of experimen-
tal errors in Ref [22], because this is especially important
for our analysis. As described there, we focus on a narrow
time window, 38−48 min into nuclear cycle 14.
Expression levels were normalized such that the mean
expression levels of wild-type embryos ranged between 0
(assigned to the minimal value across the AP axis of the
mean spatial profile, separately for each gap gene) and 1
(similarly assigned to the maximal value across the AP
axis). In detail, gene expression profile gαi of any embryo
α was calculated as:
gαi =
Iαgi − I¯wtmin,gi
I¯wtmax,gi − I¯wtmin,gi
(S1)
where I¯wtmin and I¯
wt
max are the lowest and highest raw flu-
orescence intensity values of the mean wild-type embryo
fluorescence profiles; Iαgi is the raw fluorescence profile
of the particular embryo, which can be either mutant or
wild-type. Note that this normalization simply assigns
a conventional unit of measurement to gap gene concen-
trations; no per-embryo profile “alignment” is used to
reduce embryo-to-embryo variance. Furthermore, mu-
tant embryos were normalized to their wild-type refer-
ence for each gap gene, so absolute changes in gap gene
concentrations—not only changes in the shape of the gap
gene spatial profiles—were retained in all analyses. A
summary of results on the mutant gap gene expression
profiles (mean ± SD across embryos) is given in Fig S1.
Measuring pair-rule gene expression
To image pair-rule proteins, we used guinea pig
anti-Runt, and rabbit anti-Eve (gift from Mark Big-
gin) polyclonal antibodies, and monoclonal mouse anti-
Pax3/7(DP312) antibody (gift from Nipam Patel). Sec-
ondary antibodies are, respectively, conjugated with
Alexa-594 (guinea pig), Alexa-568 (rabbit), and Alexa-
647 (mouse) from Invitrogen, Grand Island, NY. Embryo
fixation, antibody staining, imaging and profile extrac-
tion were performed as described by Dubuis et al. [22].
Our goal was to predict features of pair-rule protein
concentration profiles, such as the locations of expression
peaks, for which comparisons between wild-type and mu-
tant expression levels of pair-rule genes were not essen-
tial. Pair-rule protein profiles were measured in mutant
embryos in time widows of 45- to 55-min into nuclear
cycle 14; for consistency with gap gene analyses and con-
venience we normalized such that the mean expression
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FIG. S2: Estimation of gap gene covariance matrix from wild-type embryos. For each of 7 wild-type datasets
(N = 37, 29, 43, 32, 29, 24, and 102 embryos) we compute the covariance matrix of fluctuations in gap gene expression levels
at each point along the AP axis, Errors within an experiment are standard deviations across matrices computed from random
halves of the data, while errors across experiments are the standard deviations of the 7 means. a-f. Off-diagonal covariance
matrix elements at each point along the AP axis; mean (black) ± errors across experiments (grey shading). For reference, we
also show the covariance matrix elements from the single largest wild-type dataset (N = 102) embryos (red) and the errors
within this experiment (red shading). g. Scatter plot of error within experiment (largest value from the 7 datasets) vs error
across experiment on estimating all covariance matrix elements.
levels for each gene in each batch of embryos ranged be-
tween 0 and 1; individual profiles were scaled to minimize
χ2, as in Refs [9, 22]. As an exception, we report pair-
rule expression levels in triple maternal mutants (bcd nos
tsl) in wild-type units, because the pair-rule genes are ex-
pressed uniformly and therefore lack positional features.
Appendix B: Theoretical methods
To construct decoding maps and subsequently predict
pair-rule expression stripes, Eqs (1) and (2) require us
to estimate the distribution of gap gene expression levels
at each position, P ({gi}|x), from data. Direct sampling
is unfeasible even for just a single gene. Instead, we ap-
proximated the embryo-to-embryo fluctuations in gene
expression as Gaussian with mean and (co)variance that
vary with position. In previous work we tested this ap-
proximation; while we can see deviations from Gaussian-
ity [27], the Gaussian approximation gives very accurate
estimates of the positional information carried by the ex-
pression levels of individual genes [17, 18], which is most
relevant for the decoding that we attempt here.
The Gaussian approximation for a single gene corre-
sponds to
P (g|x) = 1√
2piσ2g(x)
e−χ
2
1(g,x)/2, (S1)
where χ21(g, x) measures the similarity of the gene expres-
sion level to the mean, g¯(x), at position x,
χ21 (g, x) =
(g − g¯(x))2
σ2g(x)
, (S2)
and σg(x) is the standard deviation in expression levels
at point x (e.g., shown by the shading in Fig S1). Given
measurements of gene expression vs position in a large
set of embryos, we can compute the mean and variance
in the standard way, so that Eqs (S1-S2) can be applied
directly to the data.
The generalization of the Gaussian approximation to
the case where coding and decoding are based on a com-
bination of K genes simultaneously is given by
P ({gi}|x) = 1√
(2pi)K det[C(x)]
e−χ
2
K({gi},x)/2 (S3)
where χ2K measures the similarity of the gene expression
pattern to the mean pattern expected at x,
χ2K ({gi}, x) =
K∑
i,j=1
(gi − g¯i(x))
(
C−1(x)
)
ij
(gj − g¯j(x)) ,
(S4)
and C(x) is the covariance matrix of fluctuations in the
expression of the different genes at point x. Figures
S2a-f shows the estimation of 4 × 4 covariance matrix
of gap gene fluctuations across embryos, Cij = 〈(gαi −
〈gαi 〉)(gαi − 〈gαi 〉)〉 (where 〈·〉 denotes averaging over em-
bryos α). Note that the covariance matrix, as well as
the mean profiles themselves, are a function of position
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FIG. S3: Coding and decoding of position in the fly embryo based on expression of a single gap gene. a.
Optical section through the midsagittal plane of a Drosophila embryo with immunofluorescence labelling for Kru¨ppel (Kr)
protein. Raw dorsal fluorescence intensity profile of depicted embryo (blue) and encoding probability distribution P (Kr|x)
(gray) constructed from 38 wild-type embryos of ages between 40–44 min into nuclear cycle 14. Position x along the anterior-
posterior axis is normalized by the length L of the embryo; x/L = 0 corresponds to the anterior end of the embryo, and
x/L = 1 corresponds to the posterior end. Probability distribution of Kr expression levels (right). b. Decoding probability
distribution P (x|Kr) constructed via Bayes’ rule from the measured probability distributions P (g) and P (g|x) in a, using a
uniform prior P (x) = 1/L. The distribution P (x|Kr) is the optimal decoder, which maps Kr levels to positions along the
AP axis. For example, the probability distributions of locations x consistent with observing Kr levels 0.05, 0.5, or 1 (main),
are the conditional probability densities P (x|Kr) shown in the three top panels. c. Decoding map Pαg (x∗|x) for a single
embryo (depicted in a), where α is the embryo index, running from 1 through 38. For three locations, cartoons (top) display
uncertainties and ambiguities in determining location in the embryo baed on Kr alone. Importantly, only single-gene decoders
(e.g. the distribution P (x|Kr) in b) can be directly visualized (decoding with two genes, for instance, requires a 4-dimensional
visual representation). Decoding maps P (x∗|x), however, can be visualized for an arbitrary number of genes.
along the AP axis. Comparing the covariance matrix es-
timates across replicates of wild-type datasets, Fig S2g
shows that our data are sufficient for us to have control
over estimation errors, so that Eqs (S3-S4) can likewise
be applied directly to the data.
Appendix C: The decoding dictionary
Figure S3 shows a step-by-step procedure for con-
structing a “decoding dictionary” based on a single gap
gene, Kr, from measured data, and a “decoding map” for
a single wild-type embryo; the decoding map in Fig 2a
is an average over 38 such individual decoding maps.
Similarly, top panels of Fig S4a-d show the profiles of
all four individual gap genes in the wild-type embryos,
while the bottom panels show the corresponding decod-
ing maps. As with the case of Kru¨ppel in Fig S3, all of
these maps show substantial ambiguities, where the sig-
nal at one point in the embryo is consistent with a wide
range of possible positions. Ambiguity arises whenever a
vertical slice through these density plots encounters mul-
tiple peaks, but in the case of decoding based on single
genes these ambiguities are so common that they result
in either vast swaths of grey or in intricate folded pat-
terns. In particular locations—specifically, at the flanks
of mean expression profiles where the slope of the profile
is high—the distributions P (x∗|x) become highly concen-
trated, indicating that the quantitative expression levels
of individual genes provide the ingredients for precise in-
ferences of position, as suggested in Refs [9, 17].
Figure S4 shows that combining two genes always re-
duces ambiguity relative to the single gene case, but does
not eliminate it entirely, and a similar trend is observed
in Fig S5 with triplets of gap genes. The four-gene case
shown in Fig 2c sharpens the decoding maps further (cf.
the scale of distributions P (x∗|x)), achieving a low posi-
tional error of ∼ 1.5% across the majority of locations
along the AP axis. We can quantify this sharpening
by computing the standard deviation of the distribution
P (x∗|x), and then finding the median over x; a summary
of these results is given in Fig S7d.
Figure S7 further shows that the traditional interpreta-
tion of gap genes as generating binary domains of expres-
sion separated by sharp boundaries significantly blurs
the decoding map, irrespective of whether the gap gene
thresholds are selected simply at the midpoint of the ex-
pression range (at g = 0.5) or are adjusted separately for
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FIG. S4: Decoding maps from four individual gap
genes. a.–d. Top row: dorsal expression profile (mean ±
SD across 38 wild-type embryos of ages 40−44 min into n.c.
14); gene as indicated in panel. Bottom row: average decod-
ing maps constructed by decoding from genes profiles in panel
above. e. Three sample features of the decoding maps - (i)
precise, but ambiguous, (left), (ii) imprecise and ambiguous
(middle), and (iii) unambiguous and precise (right). The lat-
ter probability density is Gaussian distributed with positional
error σx = 2% of the embryo length (EL). The Kr map in b
is as in Fig2a, it is obtained by averaging all decoding maps
from individual (see FigS3c) embryos.
each gap gene to optimize the decoding map. This shows
that quantitative, graded levels of gap gene expression
are essential for the precise specification of position.
It is worth emphasizing that the notion of a threshold
that determines gene expression (or cell fate) boundaries,
which is well defined for a single signal being thresholded,
is more ambiguous in the case of multiple concurrent sig-
nals that drive patterning, as is the case here with gap
genes. The idea of putting independent, and possibly dif-
FIG. S5: Decoding based on pairs of gap gene expres-
sion profiles. a.–d. Top: dorsal gap gene expression profiles
(mean ± SD as in Fig.S4). Bottom: average decoding maps
constructed by decoding from pairs of gap genes indicated in
top panels. The Hb–Kr combination in e is also Fig 2b.
ferent, thresholds on each of the inputs separately may
appear as a natural extension of a single-gene case, but
it is important to realize that this idea already entails
a drastic (and untested) independence assumption. It
would be equally possible that the relevant patterning
thresholds act on some unknown, even nonlinear, com-
bination of the four gap gene signals. In particular, in
biophysical models of enhancer function where the gene
expression is controlled by the concentrations of multiple
inputs (and where the threshold is determined by the sig-
moid activation function of the enhancer), the interpreta-
tion of thresholds applying to nonlinear combinations of
inputs is more realistic than the interpretation of different
thresholds independently applying to each of the inputs.
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FIG. S6: Decoding based on sets of three gap gene ex-
pression profiles. a.–d. Top: dorsal gap gene expression
profiles (mean ± SD as in Fig.S4). Bottom: average decoding
maps constructed by decoding from sets of three gap genes as
indicated in top panels; d is identical to Fig 2c.
Furthermore, the picture of independent thresholds act-
ing on individual gap genes leaves completely unanswered
the question of how binarized gap gene profiles can be
read out in a biophysically realistic fashion to combina-
torially drive the expression of their target genes.
Appendix D: Exploring the mutants
We analyzed patterns of gap gene expression in six
mutant lines of flies, deficient in one or two of the three
maternal inputs to the gap gene network, as summarized
in Fig S1. To construct decoding maps for the mutants,
as in Fig 3, we first computed posterior distributions
P (x|{gi}) as prescribed by Eq (1) from wild-type em-
bryo data, and evaluated these distributions at gap gene
expression levels measured in mutant embryos. But the
wild-type expression levels fill only a very small region
of the full four dimensional space of possibilities; if the
expression levels in mutant embryos fell largely outside
this region, then we would be extrapolating too far from
the wild-type measurements and could not make reliable
inferences. To test whether this could be the case, we
computed χ2 [Eq (S4)] between the observed combina-
tions of expression levels and the mean expression levels
expected at each position in the wild-type, and compared
that to the χ2 values for mutant embryos.
Figure S8 shows the cumulative distribution of χ2
across the entire population of wild-type embryos, from
all six experiments. Normalized per gene, the mean of χ2
is one, but the distribution has a tail extending to ∼ 10×
this value. To construct a comparable distribution for the
mutants, we first note that the gene expression values at
one point x in the embryo can be decoded to a position x′
that is very far from x, as shown by Fig 3 and explained
in the corresponding discussion in the main text. Con-
sequently, in the mutants we looked for the point x′ in
the wild-type that achieved the minimum of χ2K({gi}, x′)
over all possible x′ (which is the location that the mu-
tant gap gene profiles decode to) and then look at the
cumulative distribution of χ2 at these decoded locations.
As expected, χ2 values in the mutant are larger than
in the wild-type, but there is a surprising degree of over-
lap between the two distributions: the largest value of χ2
that we observe in the wild-type embryos is larger than
98% of the values that we see in the mutants. Although
mutant background induces huge changes in the inputs of
the gap gene network and in the gap gene profiles them-
selves, the gap gene network responds in a way that is not
so far outside the distribution of possible responses un-
der natural conditions. This fact is what makes decoding
positional information in the mutants feasible.
Appendix E: Predicting stripe positions
Decoding maps make parameter–free predictions for
the locations of positional markers in mutant embryos.
To test these predictions, we compare to the locations of
expression peaks for the pair-rule genes.If a cell at po-
sition x in the mutant embryo has expression levels for
the gap genes that lead to a high probability of inferring
a position x∗ = xs, where xs is the position of a pair-
rule stripe in the wild-type, then we expect that there
will be a peak in pair-rule gene expression at the point
x in the mutant. Mathematically, this process (shown
graphically in Fig 3) proceeds as follows: we construct
Pαmap(x
∗|x) and look at the line x∗ = xs; this gives us
a (non–normalized) density ραs (x) = P
α
map(x
∗ = xs|x),
and there should be pair-rule stripes at the local max-
ima of this density. Because stripes in the wild-type are
driven by different enhancers and are thus not identical,
it is important that our calculation should predict the
occurrence of a particular identified stripe s at x.
The construction of the density ραs (x) is shown in
Fig S9 for each stripe of Eve, Prd, and Run, and for
each individual wild-type embryo. There is an excellent
correspondence between the average pair-rule gene ex-
pression profile and the set of individual embryo densi-
ties for all stripes; the sole discrepancy appears to be a
small ambiguity in the decoding map that hints at two
weak “echoes” of pair-rule stripes 1 and 2 in the far an-
terior (for x < 0.3), which we did not detect in the data.
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FIG. S7: Decoding based on traditional binary, threshold-based readout is imprecise and ambiguous. a. Decoding
from gap genes being ON or OFF, with ON state declared when they are expressed at more than half of their maximum mean
level (top). b. As in a, but with thresholds set so that the mutual information between x8 and x is maximized. c. Decoding
map based on graded variations in gap gene expression, replica of Figure 2d for comparison. d. Precision of decoding based
on different combinations of genes. We compute the standard deviation of the distributions P (x∗|x) and then compute the
median over all x. Results are plotted for decoding based on all combinations of 1, 2, and 3 genes, all four genes (“graded”),
and four genes thresholded into on/off.
FIG. S8: Gap gene expression levels in mutants largely overlap those observed in wild-type embryos. Normalized
sqaured deviation χ2 between observed and mean expression of all four gap genes. As explained in the text, we compute this
directly for wild-type embryos, while for mutant embryos we compute the minimum χ2 over all possible correspondences to
wild-type positions. a. Cumulative probability (y-axis, log scale) as a function of χ2 per gene—χ2 from Eq (S4), divided by 4.
It represents the probability that χ2 per gene is greater than the value on the x-axis in wild-type embryos (red), and mutant
embryos (black). Vertical dashed line marks the maximal χ2 observed in wild-type data set; the intersection of dashed line with
black line shows that this variation in wild-type encompasses 98% of the points in mutants. b-g. χ2 per gene for individual
mutant embryos as a function of position along the AP axis (grey lines), together with (more conservative) limits on the largest
χ2 per gene observed in wild-type embryos in that particular batch (1% of the wild-type embryos have χ2 per gene values larger
than denoted by the horizontal red dashed lines); we observe values of χ2 per gene which are below the red dashed lines in
∼ 90% of the positions,.
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FIG. S9: Predicting pair-rule stripe locations in wild-
type embryos. We trace horizontal intersections of prob-
ability density P (x∗|x) maps in 38 individual wild-type em-
bryos at the average locations of pair-rule peaks, to yield the
densities ραs (x) defined in the text. Rows are for the genes eve
(a.), Prd (b.), and run (c. ). Left panels: average decoding
map (as in Fig. 2d) with horizontal dotted lines marking the
average locations of pair-rule peaks; Roman numerals indicate
stripe number. Right panels: ραs (x), with colors marking dif-
ferent stripes s (legend). For reference, the average pair-rule
expression in wild-type is plotted (black solid line), scaled for
visualization. We exclude the anterior-most Prd stripe (open
triangle) from further analysis, because it is not well defined.
These may be missing because of influences from other
gap genes that are active in the far anterior.
For ease of visualization, we often look just at the av-
erage decoding map, as in Fig 3 as well as Figs S12 and
S13, below. This average, Pmap(x
∗|x) = 〈Pαmap(x∗|x)〉α,
which can be easily plotted as a single map, and then de-
coded analogously to the procedure outlined above: we
looked for the position x where the decoding map peaks if
the inferred position x∗ were equal to a known pair-rule
stripe location in the wild-type. Decoding the “mean
pair-rule stripe position” in this manner does not dif-
fer from decoding single embryos to predict the pair-rule
stripe positions individually, and then taking the aver-
age prediction, but now we can also predict fluctuations
in stripe locations, a fact we used in making Fig 4.
Decoding in individual embryos permits us to compare
not only the predicted mean stripe locations to the mea-
surements, but also to compare the variability in stripe
position, shape, and in the total number of observed
stripes. Figures S10 and S11 show examples of individual
Eve profiles where some of the Eve stripes 3, 4, 5 were
either missing or had a broad, poorly localized “diffuse”
profile in mutant backgrounds. We predicted these phe-
nomena for exactly the same mutant backgrounds and
the same stripes from individual embryo decoding maps.
A detailed description of individual embryo pair-rule
stripe predictions in mutant backgrounds, analogous to
Fig S9 for the wild-type, is shown in Fig S14. In
these panels, we denote separately diffuse stripes, as
well as a small number of observed-but-not-predicted and
predicted-but-unobserved stripes. All non-diffuse predic-
tions across the three pair-rule genes and all mutants are
shown in the summary Fig 4 in the main text.
We invested substantial experimental effort to measure
gap gene expression levels in mutant embryos side-by-side
with the wild-type controls, so that absolute concentra-
tions can contribute to the decoding. But do they? In
Fig S15 we show the effect of the absolute level on the
decoding map, and consequently on the pair-rule stripe
prediction performance. In the bcd mutant background
(Fig S15a,b), gap gene expression levels are strongly per-
turbed in shape but also suppressed in magnitude by
∼ 2×. Decoding these profiles gives predictions of pair-
rule stripes that agree very closely with data (Fig S15c,
black symbols). In contrast, when mutant profiles are in-
dividually normalized so that they span the range of ex-
pressions between 0 and 1—in essence, keeping the profile
shape but undoing the magnitude effect—leads to much
worse predictions of pair-rule stripes (Fig S15c, red).
In the tsl mutant background, the effect of absolute
concentrations is more subtle. In these mutants, Kr and
Kni are overexpressed by ∼ 10−20% relative to the wild-
type, which leads to a slight deformation in the decoding
map in the posterior (x > 0.5), and this effect disappears
if we normalize to keep only relative expression levels.
While the effect is smaller than in the bcd background,
pair-rule stripes at 0.6 < x < 0.7 are consistently pre-
dicted better using absolute gap gene concentrations. In
sum, both for large scale and precision effects on our pair-
rule predictions, being able to measure gap gene concen-
trations relative to the wild-type is crucial. This suggests
as well that the embryo itself responds to precisely deter-
mined, absolute concentrations of signaling molecules.
When we delete all three of the maternal inputs, posi-
tional information is abolished (Fig S16). There is a low
uniform expression of Eve in mutant embryos, consistent
with the predictions from our decoding map.
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FIG. S10: Predicting variable number of
Eve stripes in bcd tsl mutants. a.-c.
Decoding map from individual bcd tsl em-
bryo. Horizontal dashed lines indicate the
average locations of Eve peaks, their inter-
sections with the decoding map are shown
in the side panel (right, P (x∗|x)). Stripes
iv and v (purple and green open triangles, re-
spectively), and diffuse stripe iii (yellow open
triangle) are predicted to have variable ex-
pressivity: a. all stripes are predicted, b.
diffuse stripe iii is missing, c. stripes iv,v are
either overlapping or missing. d-g. We find
examples of such variability in the measured
Eve expression profiles from bcd tsl mutants:
d, embryo with both iv and v stripes (pur-
ple and green filled triangles, respectively),
and diffuse stripe iii (yellow filled triangle),
e, embryo with diffuse stripe iii missing, f,
embryo with overlapping stripes iv,v, and g,
embryo with either iv and v missing.
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FIG. S11: Predicting variable number
of Eve stripes in bcdE1 mutants. a.-
c. Decoding map from individual bcdE1 em-
bryo. Horizontal dashed lines indicate the
average locations of Eve peaks, their intersec-
tions with the decoding map are shown on the
side panel (right, P (x∗|x)). Stripes iv and v
(marked by purple and green open triangles,
respectively) are predicted to have variable
expressivity: a. both stripes are predicted,
b. only stripe v is predicted, c. only stripe iv
is predicted. d-g. We measure such variabil-
ity in the number of expressed Eve stripes in
bcdE1 mutants: d, embryo with both iv and
v stripes (purple and green filled triangles,
respectively), e, embryo with iv missing, f,
embryo with v, missing, and g, embryo with
both iv and v missing.
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FIG. S12: Decoding from mutant
embryos and predicting the loca-
tions of Prd stripes. Average decod-
ing maps for six maternal mutant back-
grounds: a. etsl; b. bcdE1; c. osk; d.
bcdE1osk; e. osk tsl; f. bcdE1tsl. In
each decoding panel, we use the aver-
age locations of the seven peaks of wild-
type Prd expression (left side of panels
a and d) to predict Prd stripe locations
in the mutant backgrounds: where hor-
izontal dotted lines intersect the prob-
ability density (marked by open black
circles and vertical dotted lines). Mea-
surements of the actual Prd expression
profiles in each mutant background are
shown below the corresponding decod-
ing panel, where filled black circles in-
dicate the profile peaks. Intensity in
all decoding panels refers to wild-type
intensity in Fig 2d. Roman numerals
above the horizontal dotted lines denote
the wild-type Prd stripe number. Hor-
izontal starred bars (panels b and f)
indicate locations where the expressed
number of Prd stripes is variable, which
is captured qualitatively by the decod-
ing maps. The red stars in panel d mark
peaks with variable expressivity, which
are not predicted by the decoding map.
FIG. S13: Decoding from mutant
embryos and predicting the loca-
tions of Run stripes. Average de-
coding maps for six maternal mutant
backgrounds: a. etsl; b. bcdE1; c. osk;
d. bcdE1osk; e. osk tsl; f. bcdE1tsl. In
each decoding panel, we use the aver-
age locations of the seven peaks of wild-
type Run expression (left side of panels
a and d) to predict Run stripe locations
in the mutant backgrounds: where hor-
izontal dotted lines intersect the prob-
ability density (marked by open black
circles and vertical dotted lines). Mea-
surements of the actual Run expression
profiles in each mutant background are
shown below the corresponding decod-
ing panel, where filled black circles in-
dicate the profile peaks. Intensity in
all decoding panels refers to wild-type
intensity in Fig 2d. Roman numerals
above the horizontal dotted lines denote
the wild-type Run stripe number. Hor-
izontal starred bars (panels b and f)
indicate locations where the expressed
number of Run stripes is variable, which
is captured qualitatively by the decod-
ing maps. Horizontal starred bars in
panels c,f mark predicted peaks, which
are not observed.
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FIG. S14: Annotated stripe predic-
tions in mutant embryos. Horizon-
tal intersections of probability density
P (x∗|x) maps in individual mutant em-
bryos at the average locations of wild-
type pair rule stripes. a-f. Eve peaks,
j-l. Prd peaks, m-r. Run peaks. For
reference, we show the mean pair-rule
expression for each mutant background
(solid black line), arbitrary units scaled
to match the y-axis limits. Filled black
circles on the x-axis mark the average
locations of measured peaks, which are
successfully predicted from the decod-
ing maps and plotted in Fig. 4. Pre-
dicted diffuse stripes are marked by
filled diamonds over horizontal lines,
which span the diffuse stripes. Open
triangles show “echoes” as in Fig. S9.
Interestingly, a duplication of Eve stripe
7, and diffuse expression of stripes 3-4
are found expressed where predicted in
the anterior (f). Red stars shows ob-
served, but not predicted Eve stripe (c),
and Prd stripes (j). Black star shows
predicted, but not observed Eve stripe
(f), and Run stripe (r).
19
TA PTA P
TA P TA P
FIG. S15: Absolute expression levels matter for decoding. We predict pair-rule stripes in bcdE1 embryos, whose gap
gene expression is absolute units, normalized to reference wild-type embryos (a.), or normalized with respect to themselves
(b.); d. and e., as in a. and b. but for etsl embryos. Top panels, mean gap gene expression in respective units; bottom panels,
average decoding map with horizontal dotted lines at the average locations of wild-type Eve stripes (roman numerals). c. and
f. Summary of stripe predictions from decoding based on absolute (red) or normalized (black) expression levels.
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FIG. S16: Deleting three maternal inputs abolishes po-
sitional information. Decoding map for the triple deletion
mutant bcd, osk, tsl. Positions of Eve stripes in the wild-type
(left) fail to intersect the map, consistent with the absence of
stripes in the mutant (bottom).
